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1. INTRODUCTION {#cas14390-sec-0001}
===============

Cancers develop in complex TMEs consisting of diverse immune cells, vasculature and ECM, which impact cancer cell survival, tumor metastasis, therapeutic efficiency, and patient outcome.[^1^](#cas14390-bib-0001){ref-type="ref"} In TMEs, there exist a profound interaction network among cancer cells, stromal cells, and ECM. The TME has diverse capacities to exert both beneficial and adverse impact on tumorigenesis. Infiltrating immune cells could exert antitumor effects; in contrast, cancer cells could educate stromal cells, such as macrophages, neutrophils, and fibroblasts, to promote tumor growth and metastasis.[^2^](#cas14390-bib-0002){ref-type="ref"}

Emerging evidence supports that TME plays a crucial role in therapeutic responses and patient outcome.[^3^](#cas14390-bib-0003){ref-type="ref"}, [^4^](#cas14390-bib-0004){ref-type="ref"} The TME context reflects the tumor immune response[^5^](#cas14390-bib-0005){ref-type="ref"} and predicts therapeutic benefit.[^6^](#cas14390-bib-0006){ref-type="ref"} Immunotherapy has emerged as a new treatment arsenal in cancer, especially immune checkpoint inhibitors that unleash the antitumor immune response. Immune checkpoint inhibitors achieved success in cancer therapy, especially in melanoma and lung cancer where anti‐PD‐1 Abs have become part of the approved treatment. However, approximately 20% of the patients benefit from immune checkpoint inhibitors.[^7^](#cas14390-bib-0007){ref-type="ref"} Successful tumor elimination by immunotherapy requires the activation of the immune system. Unfortunately, exhausted or short‐lived activation of immune cells and inhibitory microenvironment formation leads to resistance to immunotherapy.[^8^](#cas14390-bib-0008){ref-type="ref"} In addition to its effects on immunotherapy, TME influences the efficiency of chemotherapy and radiotherapy through preexisting TME properties and therapy‐induced responses in TME.[^9^](#cas14390-bib-0009){ref-type="ref"} Infiltrating numbers of T cells, macrophages, and cancer‐associated fibroblasts in the TME are associated with patient outcomes in various cancers, including lung cancer, urothelial cancer, and esophageal cancer.[^10^](#cas14390-bib-0010){ref-type="ref"}, [^11^](#cas14390-bib-0011){ref-type="ref"}, [^12^](#cas14390-bib-0012){ref-type="ref"} Therefore, characterization of the TME facilitates the development of prognostic and predictive biomarkers and the identification of novel therapeutic targets.

Lung cancer is the leading cause of cancer‐related death around the world.[^13^](#cas14390-bib-0013){ref-type="ref"} Lung adenocarcinomas constitute unique lung cancer subtypes with distinct cellular and mutational landscapes.[^14^](#cas14390-bib-0014){ref-type="ref"} Due to the anatomical structure of the lung, LUAD has a complex immune contexture. Emerging evidence supports that TME impacts LUAD progression and clinical outcome.[^1^](#cas14390-bib-0001){ref-type="ref"} Here, we systematically profiled the stromal cell landscape of TME in 1184 lung adenocarcinomas using computational algorithms based on bulk tumor expression data,[^15^](#cas14390-bib-0015){ref-type="ref"} and correlated the stromal cell pattern with clinical and pathologic features. Based on the stromal cell profile, we identified and characterized 2 clinically and molecularly distinct LUAD subtypes with immune active and immune repressed features that could be valuable in predicting clinical outcome and guiding immunotherapy.

2. MATERIALS AND METHODS {#cas14390-sec-0002}
========================

2.1. Lung adenocarcinoma datasets and preprocessing {#cas14390-sec-0003}
---------------------------------------------------

We systematically searched for LUAD gene expression datasets that were publicly available with full clinical information in GEO (<https://www.ncbi.nlm.nih.gov/geo/>) and TCGA. The results obtained many LUAD datasets with prognostic information. For controlling the data heterogeneity, finally, we included 3 treatment‐naive LUAD cohorts with the most patients: GSE31210 (N = 226), GSE68465 (N = 443), and TCGA‐LUAD (N = 515). The raw data for the dataset from Affymetrix were downloaded from GEO and processed using the RMA algorithm in the *affy* software package.[^16^](#cas14390-bib-0016){ref-type="ref"} Level 3 RNA‐seq data (RSEM normalized) for genes and clinical information of TCGA‐LUAD samples were downloaded from the UCSC Xena browser (<http://xena.ucsc.edu/>). Detailed information of included datasets is summarized in Table [S1](#cas14390-sup-0002){ref-type="supplementary-material"}.

2.2. Inference of infiltrating cells in TME {#cas14390-sec-0004}
-------------------------------------------

To quantify the abundance of tumor stromal cells in LUAD patients, we used the xCell algorithm, which allows for highly sensitive and specific inference of 64 stromal cell types from bulk tumor expression data.[^15^](#cas14390-bib-0015){ref-type="ref"} xCell is a gene signature‐based method that integrates the advantages of gene set enrichment with deconvolution approaches, fitting RNA‐seq and microarray data. Gene expression profiles were prepared according to the xCell instructions, and uploaded to the xCell web portal (<http://xcell.ucsf.edu/>), undertaken using the xCell signature (N = 64) with 1000 permutations. For the specific analysis of tumor stromal cells in LUAD, we finally included 43 cell types in our study (detailed information in Table [S2](#cas14390-sup-0002){ref-type="supplementary-material"}).

2.3. Consensus clustering for TME‐infiltrating cells {#cas14390-sec-0005}
----------------------------------------------------

Tumors with qualitatively different TME cell patterns were grouped using hierarchical agglomerative clustering. A consensus clustering algorithm was applied to determine the number of clusters in the TCGA‐LUAD and meta‐GEO dataset (GSE31210 and GSE68465), undertaken using the *ConsensuClusterPlus* R package with 1000 permutations.[^17^](#cas14390-bib-0017){ref-type="ref"}

2.4. Differentially expressed genes and signature genes analysis {#cas14390-sec-0006}
----------------------------------------------------------------

Differentially expressed genes between different TME clusters were analyzed using R package *limma*, with an adjusted *P* less than .05.[^18^](#cas14390-bib-0018){ref-type="ref"} The adjusted *P* value for multiple testing was obtained using the Benjamini‐Hochberg correction. Then we used the random forest classification algorithm to perform dimensionality reduction on DEGs in order to obtain signature genes between different TME clusters.[^19^](#cas14390-bib-0019){ref-type="ref"} After obtaining the signature genes, the *clusterProfiler* R package[^20^](#cas14390-bib-0020){ref-type="ref"} was applied to annotate gene function with a *P* less than .01 and false discovery rate less than 0.05. Next, a consensus clustering algorithm was used to cluster the LUAD patients based on the signature genes. Then PCA was carried out for each LUAD patient based on the signature genes, and principal component 1 was extracted to serve as the signature gene score for each patient.[^21^](#cas14390-bib-0021){ref-type="ref"}, [^22^](#cas14390-bib-0022){ref-type="ref"} The obtained signature gene score was used to represent the signature of TME cluster and was defined as the TME score for each patient.

2.5. Statistical analysis {#cas14390-sec-0007}
-------------------------

For comparisons of 2 groups, unpaired Student's *t* tests and Mann‐Whitney *U* tests were used to estimate normally distributed and nonnormally distributed variables, respectively. Correlation coefficients were computed by Spearman correlation analyses. The *pROC* package[^23^](#cas14390-bib-0023){ref-type="ref"} was used to plot ROC curves and calculate the AUCs to evaluate the diagnostic value of the TME score. The Kaplan‐Meier method was applied to generate survival curves, with the log‐rank (Mantel‐Cox) test used to determine the statistical significance. *P* values were 2‐sided and values less than .05 were considered statistically significant. All statistical analyses were undertaken using R ([https://www.r‐project.org/](https://www.r-project.org/)).

3. RESULTS {#cas14390-sec-0008}
==========

3.1. Landscape of TME cells in lung adenocarcinoma {#cas14390-sec-0009}
--------------------------------------------------

To analyze the landscape of tumor stromal cells in lung adenocarcinoma, we collected a TCGA‐LUAD dataset and a meta‐GEO dataset (GSE31210 and GSE68465). The stromal cell pattern was portrayed using the xCell algorithm, which infers tumor stromal cells based on bulk tumor expression data (Table [S3](#cas14390-sup-0002){ref-type="supplementary-material"}).[^15^](#cas14390-bib-0015){ref-type="ref"} The TME landscape of TCGA‐LUAD (N = 515) is shown in Figure [S1](#cas14390-sup-0001){ref-type="supplementary-material"}A and the meta‐GEO dataset (N = 669) in Figure [S1](#cas14390-sup-0001){ref-type="supplementary-material"}B. We found there was a heterogeneity of stromal cell patterns among LUAD patients, in that some patients were rich in stromal cells whereas others were not. We next correlated stromal cells with clinicopathologic characteristics in both TCGA and GEO datasets (Figure [S1](#cas14390-sup-0001){ref-type="supplementary-material"}C). We found gender showed a negative correlation with many stromal cells, such as conventional dendritic cells, activated dendritic cells, naive B cells, and CD4^+^ naive T cells (Figure [S1](#cas14390-sup-0001){ref-type="supplementary-material"}C), which means male patients have less infiltration of these cells in tumor tissue. The result indicated that infiltration of MSCs and Th1 cells decreased with aging, while mast cell increased with aging. Moreover, smoking increased the infiltration of plasma cells, Th2 cells, and pro‐B cells, but decreased the infiltration of conventional dendritic cells. The correlation analysis between stromal cells and TNM stage showed that many immune cells decreased in advanced stage, such as B cells, CD4^+^ T cells, CD8^+^ T cells, and dendritic cells, while some immune cells increased in advanced stage, such as Th1 cells and Th2 cells.

3.2. Identification of 2 TME subtypes of LUAD {#cas14390-sec-0010}
---------------------------------------------

Considering the heterogeneity of infiltrating stromal cells in LUAD (Figure [S1](#cas14390-sup-0001){ref-type="supplementary-material"}), we wondered whether there are any TME subtypes of LUAD patients. We assessed potential clusters using the consensus clustering method based on stromal cells,[^17^](#cas14390-bib-0017){ref-type="ref"} and obtained 2 stable clusters in both TCGA and meta‐GEO datasets (Figure [1A](#cas14390-fig-0001){ref-type="fig"}, Table [S3](#cas14390-sup-0002){ref-type="supplementary-material"}), termed TME cluster A and TME cluster B. We found that TME cluster A was rich in stromal cells and TME cluster B was poor in stromal cells (Figures [1B](#cas14390-fig-0001){ref-type="fig"} and [S2](#cas14390-sup-0001){ref-type="supplementary-material"}A). Tumor microenvironment cluster A was distinguished by rich infiltrations of various immune cells, whereas TME cluster B was poor in most stromal cells, except that MSCs were higher in TME cluster B (Figure [1C](#cas14390-fig-0001){ref-type="fig"}). Furthermore, TME cluster A had significantly longer overall survival and disease‐free survival than TME cluster B (Figures [1D](#cas14390-fig-0001){ref-type="fig"} and [S2](#cas14390-sup-0001){ref-type="supplementary-material"}B).

![Identification of 2 tumor microenvironment (TME) subtypes in lung adenocarcinoma. A, Consensus matrixes of lung adenocarcinoma in The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) datasets revealed 2 TME subtypes, using 1000 iterations of hierarchical clustering. B, Unsupervised clustering of TME cells for 515 patients in TCGA cohort. Smoking, age, gender, stage, and TME cluster are shown as patient annotations. Top legend, white indicates missing value. C, TME cell abundance in different TME clusters. *P* values obtained using Student's *t* test (2‐tailed). \*\**P* \< .01, \*\*\*\**P* \< .0001. ns, nonsignificant. D, Kaplan‐Meier curves for overall survival (left panel) and disease‐free survival (right panel) of lung adenocarcinoma patients in TCGA cohort. *P* values were obtained using the log‐rank test](CAS-111-1876-g001){#cas14390-fig-0001}

3.3. Immune and metabolic state of the 2 LUAD subtypes {#cas14390-sec-0011}
------------------------------------------------------

To illustrate the underlying biological characteristics of the two TME phenotypes, we undertook DEG analysis on TCGA dataset, which contained more comprehensive patient information. We obtained 12 380 DEGs between 2 TME phenotypes, with 4409 genes upregulated in TME cluster A and 7971 genes upregulated in TME cluster B (Figure [2A](#cas14390-fig-0002){ref-type="fig"}, Table [S4](#cas14390-sup-0002){ref-type="supplementary-material"}). The most significant DEGs were upregulated genes in TME cluster A, such as *CD4* (T‐cell surface glycoprotein CD4), *CD200R1* (CD200 receptor 1), *CCL13* (C‐C motif chemokine ligand 13), and *IGSF6* (Ig superfamily member 6), which are immune regulatory genes, and *FOLR2* (folate receptor beta), *MRC1* (mannose receptor C‐type 1), *F13A1* (transglutaminase A chain), and *P2RY12* (purinergic receptor P2Y12), which are metabolism regulatory genes (Figure [2A](#cas14390-fig-0002){ref-type="fig"}).

![Expression pattern of immune‐associated genes and chemokines in 2 tumor microenvironment (TME) subtypes. A, Differentially expressed genes in 2 TME subtypes. Differentially expressed genes, adjusted *P* \< .05. Red and blue dots indicate upregulated (N = 4409) and downregulated (N = 7971) genes in TME cluster A, respectively. B, Expression pattern of 757 immune‐associated genes in 2 TME subtypes. Immune‐associated genes were classified into 4 immune types in the panel: innate, adaptive, humoral, and inflammatory immune response. Immune‐related genes that do not belong to these 4 types are classified into the 5th class, general immune response. C, Expression pattern of immune checkpoints in 2 TME subtypes. *P* values obtained using Student's *t* test (2‐tailed). \*\*\*\**P* \< .0001. ns, nonsignificant. D, Expression pattern of C‐C motif chemokines (CCL) and C‐X‐C motif chemokines (CXCL) in 2 TME subtypes](CAS-111-1876-g002){#cas14390-fig-0002}

To further investigate the immune status of the 2 distinct TME subtypes, we analyzed the expression profiles of 756 immune‐related genes curated from the nCounter PanCancer Immune Profiling Panel (Table [S4](#cas14390-sup-0002){ref-type="supplementary-material"}).[^24^](#cas14390-bib-0024){ref-type="ref"} We found that the overall expression of immune‐related genes was higher in TME cluster A than TME cluster B (Figure [2B](#cas14390-fig-0002){ref-type="fig"}). Moreover, we analyzed the expression patterns of immune checkpoint genes, including *PDCD1* (programmed cell death 1), *CD274* (programmed cell death 1 ligand 1), *PDCD1LG2* (programmed cell death 1 ligand 2), *CTLA4* (CTL associated protein 4), *CD80* (B7‐1 antigen), *CD86* (B7‐2 antigen), *HAVCR2* (hepatitis A virus cellular receptor 2, TIM‐3), and *LGALS9* (galectin). The results showed that all analyzed immune checkpoints were significantly overexpressed in TME cluster A than TME cluster B except galectin‐9 (Figure [2C](#cas14390-fig-0002){ref-type="fig"}). Infiltrating stromal cells are recruited by chemokines and cytokines. We therefore investigated whether there was a distinct chemokine/cytokine microenvironment in each TME subtype. We found that expression of C‐C motif chemokines and C‐X‐C motif chemokines was higher in TME cluster A than TME cluster B (Figure [2D](#cas14390-fig-0002){ref-type="fig"}).

Previous study indicates that immune responses are largely shaped by cell metabolism[^25^](#cas14390-bib-0025){ref-type="ref"}; we therefore explored the metabolomic variations between the 2 TME subtypes by analyzing the expression of 2031 metabolism‐related genes obtained from the ccmGDB database (Table [S4](#cas14390-sup-0002){ref-type="supplementary-material"}).[^26^](#cas14390-bib-0026){ref-type="ref"} The result revealed that there were more overexpressed metabolism‐related genes in TME cluster B than TME cluster A (1018 upregulated genes in cluster B, 352 upregulated genes in cluster A) (Figure [3A](#cas14390-fig-0003){ref-type="fig"}). Next, we carried out GO and Kyoto Encyclopedia of Genes and Genomes enrichment analysis of upregulated metabolism‐related genes in each TME cluster. Tumor microenvironment cluster A showed enrichment of glycosaminoglycan, aminoglycan, and glycerolipid metabolism process (Figure [3B](#cas14390-fig-0003){ref-type="fig"}). Tumor microenvironment cluster B showed enrichment of diverse metabolic pathways, including carbohydrate metabolism, amino acid metabolism, nucleic acid metabolism, and the citrate cycle (TCA cycle) (Figure [3C](#cas14390-fig-0003){ref-type="fig"}). Cellular proliferation is largely dependent on cell metabolic status.[^25^](#cas14390-bib-0025){ref-type="ref"} Therefore, we investigated the expression of proliferation markers in 2 TME subtypes, including MKI67 (marker of proliferation Ki‐67), PCNA (proliferating cell nuclear antigen), and MCM (minichromosome maintenance complex component) family genes.[^27^](#cas14390-bib-0027){ref-type="ref"} We found that all proliferation markers were significantly overexpressed in TME cluster B except MCM5 (minichromosome maintenance complex component 5) (Figure [3D](#cas14390-fig-0003){ref-type="fig"}). Taken together, these results suggested that TME cluster A was characterized by active immune response and repressed metabolism, whereas TME cluster B was characterized by repressed immune response and active metabolism.

![Differences in cell metabolism and proliferation markers in 2 tumor microenvironment (TME) subtypes. A, Differentially expressed metabolism genes in 2 TME subtypes. Differentially expressed genes, adjusted *P *\< .05. Red and blue dots indicate upregulated (N = 352) and downregulated genes (N = 1018) in TME cluster A, respectively. B, Gene Ontology (GO) enrichment of the upregulated metabolism genes in TME subtype A. The *x*‐axis denotes the number of genes within each GO term. C, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment of the upregulated metabolism genes in TME subtype B. The *x*‐axis denotes the number of genes within each KEGG pathway. D, Expression pattern of proliferation markers in 2 TME subtypes. *P* values were obtained using Student's *t* test (2‐tailed). \*\**P* \< .01, \*\*\*\**P* \< .0001. ns, nonsignificant](CAS-111-1876-g003){#cas14390-fig-0003}

3.4. Phenotype signature of the 2 LUAD subtypes {#cas14390-sec-0012}
-----------------------------------------------

To figure out the gene expression difference between TME cluster A and TME cluster B, we undertook dimensionality reduction to extract the phenotype signatures using the random forest algorithm based on the 12 380 DEGs.[^28^](#cas14390-bib-0028){ref-type="ref"} We obtained 193 signature genes, with 184 genes upregulated in TME cluster A and 9 genes upregulated in TME cluster B (Table [S5](#cas14390-sup-0002){ref-type="supplementary-material"}). Then we focused on the upregulated signature genes in TME cluster A, and undertook GO enrichment analysis. The signature genes showed an enrichment of proliferation and activation of immune cells (Figure [4A](#cas14390-fig-0004){ref-type="fig"}). The unsupervised hierarchical cluster analysis based on the expression of the 184 signature genes separated the TCGA‐LUAD cohort population into 2 distinct patient clusters, termed Gene cluster A and Gene cluster B. Consistent with the results of the TME phenotypes, Gene cluster A showed highly expressed signature genes and Gene cluster B showed repressed expression of signature genes (Figure [4B](#cas14390-fig-0004){ref-type="fig"}). Moreover, Gene cluster A showed more infiltration of diverse immune and stromal cells (Figure [4C](#cas14390-fig-0004){ref-type="fig"}). Overexpression of genes involved in immune activation, which were enriched in Gene cluster A, correlated with a good prognosis in LUAD (Figure [4D](#cas14390-fig-0004){ref-type="fig"}). Therefore, we identified an immune activation signature distinguishing TME cluster A with TME cluster B.

![Tumor microenvironment (TME) signature genes distinguish lung adenocarcinoma patients into 2 molecular subtypes. A, Gene Ontology (GO) enrichment analysis of the upregulated TME signature genes in TME subtype A. The *x*‐axis denotes the number of genes within each GO term. B, Unsupervised clustering of TME signature genes for 515 patients in The Cancer Genome Atlas cohort. C, TME cell abundance in different gene clusters. *P* values were obtained using Student's *t* test (2‐tailed). \*\**P* \< .01, \*\*\*\**P* \< .0001. MSC, mesenchymal stem cell; ns, nonsignificant. D, Kaplan‐Meier curves for overall survival of different gene subtypes. *P* values were obtained using the log‐rank test](CAS-111-1876-g004){#cas14390-fig-0004}

3.5. TME score predicted TME phenotypes in LUAD {#cas14390-sec-0013}
-----------------------------------------------

To apply the novel TME classification practically, we constructed the TME score using the PCA algorithm based on the TME signature genes, which could represent the signature of TME clusters (Table [S5](#cas14390-sup-0002){ref-type="supplementary-material"}). We found that the TME score was significantly higher in TME cluster A than TME cluster B in 3 independent datasets, including TCGA‐LUAD, GSE31210, and GSE68465 (Figure [5A](#cas14390-fig-0005){ref-type="fig"}). Then we evaluated the diagnostic value of the TME score in TME clusters using ROC analysis. The TME score showed high diagnostic value in TME cluster diagnosis in 3 independent datasets (AUC = 0.960 in TCGA‐LUAD, AUC = 0.812 in GSE31210, and AUC = 0.819 in GSE68465) (Figure [5B‐D](#cas14390-fig-0005){ref-type="fig"}). Collectively, the TME score predicted TME phenotypes in LUAD.

![Tumor microenvironment (TME) score distinguished TME subtype in lung adenocarcinoma. A, TME score of the 2 TME clusters in 3 independent datasets: The Cancer Genome Atlas (TCGA) and 2 meta‐Gene Expression Omnibus datasets (GSE31210 and GSE68465). *P* values obtained using Student's *t* test. \*\*\*\**P* \< .0001. B, Receiver operating characteristic (ROC) measuring the diagnostic value of the TME score on TME clusters in The Cancer Genome Atlas (TCGA) dataset. Area under the ROC curve (AUC), 0.960. C, ROC measuring the diagnostic value of the TME score on TME clusters in the GSE31210 dataset. AUC, 0.812. D, ROC measuring the diagnostic value of the TME score on TME clusters in GSE68465 dataset. AUC, 0.819](CAS-111-1876-g005){#cas14390-fig-0005}

4. DISCUSSION {#cas14390-sec-0014}
=============

Lung cancer is one of the deadliest cancers around the world and LUAD constitutes the major pathologic subtype with distinct cellular and mutational landscape. Lung adenocarcinoma is a heterogeneous disease on the molecular level; according to our study, it is also heterogeneous in TME. We found the infiltrations of tumor stromal cells are different among LUAD patients, in that some patients are rich in stromal cells and others are not. We next analyzed the correlation between stromal cells and patients' clinicopathologic features. The result showed that female patients have more infiltration of many immune cell types. Previous studies have indicated that female patients have a more active immune response than male patients, which is reflected in the proliferation and activation of various immune cells, such as dendritic cells.[^29^](#cas14390-bib-0029){ref-type="ref"} The differences in immune response between male and female individuals could be caused by hormone and genetic differences.[^30^](#cas14390-bib-0030){ref-type="ref"} We also found that smoking increased the infiltration of plasma cells, Th2 cells, and pro‐B cells, while decreasing the infiltration of conventional dendritic cells. Previous studies indicate that smoking increases the percentage of memory B cells and Th2 cells but decreases pro‐B cells, and has contradictory effects in regulating dendritic cells.[^31^](#cas14390-bib-0031){ref-type="ref"} The effects of smoking on immune cells are complicated due to the complex compositions of cigarette, the exposure time, and quantity of smoke. The correlation between smoking and stromal cells needs further investigation in a more specific context. Moreover, we found many immune cells decreased in advanced stage patients, including B cells, CD4^+^ T cells, CD8^+^ T cells, and dendritic cells, whereas some immune cells increased in advanced stage, including Th1 cells and Th2 cells. Previous studies indicate that CD4^+^ T cells and CD8^+^ T cells are more abundant in early‐stage cancer patiens.[^32^](#cas14390-bib-0032){ref-type="ref"}, [^33^](#cas14390-bib-0033){ref-type="ref"} Two studies suggest that B cells show no significant correlation with tumor stage in ovarian cancer and breast cancer.[^34^](#cas14390-bib-0034){ref-type="ref"}, [^35^](#cas14390-bib-0035){ref-type="ref"} Another study suggests that B cells are correlated positively with lower T stage in colorectal cancer.[^36^](#cas14390-bib-0036){ref-type="ref"} The correlation between B cells and tumor stage could vary in different cancers. A study reported that advanced stage patients have more abundant dendritic cells in NSCLC.[^37^](#cas14390-bib-0037){ref-type="ref"} The correlation between dendritic cells and tumor stage needs further investigation. One study suggested that circulating follicular helper T cells are higher in advanced stage NSCLC.[^38^](#cas14390-bib-0038){ref-type="ref"} Another 2 studies showed that circulating Th1 cells are higher in early stage NSCLC, but circulating Th2 cells are higher in advanced stage NSCLC.[^39^](#cas14390-bib-0039){ref-type="ref"}, [^40^](#cas14390-bib-0040){ref-type="ref"} However, how tumor stage affects Th cells in the TME needs further investigation. Overall, the TME infiltrations are largely shaped by clinicopathological characteristics of LUAD patients.

Considering the heterogeneity of stromal cells in LUAD, we used a consensus clustering algorithm to identify potential classification of LUAD based on stromal cell patterns. The clustering revealed 2 subtypes of LUAD with distinct stromal cell patterns, termed TME cluster A and TME cluster B. TME cluster A showed a more abundant infiltration of immune cells than TME cluster B. Moreover, TME cluster A showed a better clinical outcome than TME cluster B. Therefore, we hypothesized that TME cluster A is an immune response active subtype and TME cluster B is an immune response repressed subtype. To further confirm the immune status of the 2 TME subtypes, we found that the overall expression of the immune‐associated genes was higher in TME cluster A. These immune‐associated genes were mainly expressed in immune cells, although some of them were also expressed in tumor cells. Therefore, the result suggested that immune cells in TME cluster A were more active than immune cells in TME cluster B. Furthermore, immune checkpoint genes were overexpressed in TME cluster A. Therefore, patients with TME cluster A could benefit from immune checkpoint therapy. However, this finding needs more reliable investigations, because there could be discrepancies between mRNA levels and protein levels of some immune checkpoint genes. We also found that both C‐C motif chemokines and C‐X‐C motif chemokines were overexpressed in TME cluster A. The C‐C motif chemokines and C‐X‐C motif chemokines are secreted from both stromal cells and tumor cells.[^41^](#cas14390-bib-0041){ref-type="ref"} Therefore, there was a more active signal exchange through chemokines in the TME of TME cluster A. The characteristics of the cytokine/chemokine microenvironment were consistent with the stromal cell abundance in each TME subtype. Collectively, these results suggest that TME cluster A is an immune response active subtype, and TME cluster B is an immune response repressed subtype. A previous study also revealed 2 clusters of NSCLCs based on immune status; one is immune active, termed "hot" in their study, and the other is immune repressed, termed "cold".[^42^](#cas14390-bib-0042){ref-type="ref"}

We also analyzed the expression of metabolism‐related genes in the 2 TME clusters. These metabolism‐related genes mainly reflect the phenotype of tumor cells due to the sequencing data were mainly obtained from tumor cells. Therefore, tumor cells in TME cluster A were active in glycosaminoglycan, aminoglycan, and glycerolipid metabolism processes, whereas tumor cells in TME cluster B were active in diverse metabolic pathways, including carbohydrate metabolism, amino acid metabolism, nucleic acid metabolism, and the citrate cycle (TCA cycle). Tumor cells in TME cluster A showed a relatively repressed metabolic state that might be caused by the active immune response in TME cluster A. Glycosaminoglycan, aminoglycan and glycerolipid metabolism processes are associated with the ECM, which is derived from both tumor cells and stromal cells. Therefore, the result was in accordance with the more abundant stromal cells in TME cluster A. The immune repressed TME cluster B showed an enrichment in the TCA cycle. A recently published study indicates that immunosuppressive and immunodeficient hepatocellular carcinomas show increased activity of the citrate cycle (TCA cycle) and nucleotide biosynthesis.[^43^](#cas14390-bib-0043){ref-type="ref"} The TCA cycle is a classic and complicated energy metabolism cycle that involves many intermediates. The correlation among the TCA cycle, tumor cells, and immune response is complicated and is yet to be elucidated. The effects of the TCA cycle on tumor cells depends on specific metabolic intermediates and context. Succinate is one of the intermediates in the TCA cycle, which both have pro‐ and antitumor effects depending on the specific context.[^44^](#cas14390-bib-0044){ref-type="ref"} Some TCA cycle intermediates are upregulated in activated leukocytes, especially in macrophages.[^45^](#cas14390-bib-0045){ref-type="ref"} Itaconate, another intermediate in the TCA cycle, mediates cross‐talk between macrophage metabolism and peritoneal tumors.[^46^](#cas14390-bib-0046){ref-type="ref"} Therefore, the correlation between the TCA cycle and immunosuppressive phenotype in cancer needs further investigation in a more specific context.

Moreover, our results showed that proliferation markers were underexpressed in TME cluster A than in TME cluster B. Like the metabolism‐related genes, these proliferation markers mainly reflect the phenotype of tumor cells. Therefore, tumor cells in TME cluster A showed a proliferation repressed phenotype. Taken together, the immune active TME cluster A is characterized by repressed metabolism and repressed proliferation of tumor cells, whereas immune repressed TME cluster B is characterized by active metabolism and active proliferation of tumor cells. These findings also support distinct clinical outcomes of the 2 TME subtypes.

Further analysis revealed that signature genes distinguishing TME cluster A and TME cluster B were enriched in immune activation, which were significantly overexpressed in TME cluster A. Similarly, these signature genes also clustered LUAD patients into 2 clusters, termed Gene cluster A and Gene cluster B. Gene cluster A showed more abundant immune cells and a better prognosis relative to Gene cluster B. The result confirmed that signature genes distinguishing TME cluster A from TME cluster B were associated with immune activation. Finally, we constructed the TME score to diagnose the TME subtype. The TME score was significantly higher in TME cluster A than TME cluster B. The TME score showed the high diagnostic value of TME subtype in 3 independent datasets. Therefore, our data supported that the TME score distinguishes TME phenotype effectively in LUAD. Immune checkpoint genes were overexpressed in TME cluster A, which suggested TME cluster A might benefit from immune checkpoint inhibitors. We hope prospective research would correlate the expression of signature genes with the effects of immunotherapy.

In conclusion, we comprehensively analyzed the stromal cell landscape of TME in LUAD and correlated stromal cells with clinicopathologic features. Two clinically and molecularly distinct LUAD subtypes were identified based on stromal cell pattern. The 2 LUAD subtypes showed characteristic features in immune response and tumor metabolism status. Moreover, a TME signature gene score was proposed to distinguish the 2 LUAD subtypes. Based on these findings, we believe that the novel classification of LUAD might contribute to predicting clinical outcome and guide immunotherapy. Further prospective studies are warranted to validate the clinical value of this classification.

CONFLICT OF INTEREST {#cas14390-sec-0016}
====================

The authors declare that no conflict of interest exists.

Supporting information
======================

###### 

Fig S1‐S2

###### 

Click here for additional data file.

###### 

Table S1‐S5

###### 

Click here for additional data file.

This work was supported by the National Natural Science Foundation of China (81802299 and 81502514), the CAMS Innovation Fund for Medical Sciences (2016‐I2M‐1‐001 and 2017‐I2M‐1‐005), the Fundamental Research Funds for the Central Universities (3332018070), the National Key Research and Development Program of China (2016YFC0901401), and the National Key Basic Research Development Plan (2018YFC1312105). Jianbing Huang also wishes to thank the support and care from Huiyu Feng.
